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Motivation

» Raw patch tokens are high-rank,
noisy, and entangled, making
novel categories difficult to
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» P is a compact primitive codebook, and A encodes patch-to-primitive activations.
Known and novel categories emerge as different combinations of the same
primitive vocabulary.
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(iii) Low-Rank Representations
(Result)

Known Category 2
(e.g. Giraffe)
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Method

Codebook Construction
» Image-conditioned adaptation

AP = ®(MeanMax (X)),
P = Pyyse + AP

» Prior Assignment
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Primitive Evidence Refinement
> Token evidence pooling P’ =A'. X

prior

» Token-conditioned update
Qrp = P'W,, Krp=XW;, Vip=XW,
P! = PV + yWirpVip

» Primitive-state consolidation
Qe =P'W,, Kp=P'W;, Vep=P'W,
P? = WppVpp



Method

Assignment Fusion&Token Rewriting
» Data Assignment

AG™ _ Softma, (% i wggmﬂ)
» Confidence-weighted Fusion

Z = Qiprior 10g Aprior + Otata 108 A gata
» Primitive-to-Token Decoding

Xreﬁned =X+ MLP(A : Preﬁned)

» Integration into GCD pipelines
[CLS]* = [CLS] + Mean (X efineq )
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(i) Assignment Fusion in Log-Potential Space (i) Primitive-to-Token Decoding (iii) Token Update & Integration

(NxD)

i -
!I! ' MLP =
Heads & { J II (Non-linear f
Transpose II II || Transform) |
Interaction VWeights Updated Primitives Refined Primitives
W (HxMxN) Ay (NXM) P2(MxD) P ctinea (MxXD)
¥ MLP
[~ 4 (Refinement)
Logarithm ] [ Logarithm } Matrix
Multiplication
(APrefined)

Prior Assignment
Ao, (NxM)

[cLs]=>»®)

[ Row-Normalization

(Softmax) N '
s ol 5 Bl [cLs
Effective Primitive Field Patch Tokens Refined Patch Tokens
A (NxM) X(NxD) X ,cfinea (NXD) GCD Pipelines



Main Result = ICML

International Conference
On Machine Learning

» Fine-grained Datasets:

Method | CUB-200 FGVC-Aircraft Stanford-Cars Average
| Al Old New | Al Old New | Al Old New | Al Old New
GCD 51.3 566 487 | 450 41.1 469 | 39.0 576 299 | 451 518 41.8
PromptCAL 629 644 621 522 522 523|502 701 40.6 | 551 622 51.7
AMEND 649 756 596 (528 61.8 483 | 564 733 482 |58.0 702 520
uGCD 657 680 646 538 554 530|565 681 509 587 638 56.2
ProtoGCD 632 685 605|568 625 539 | 538 737 442|579 682 529
InfoSieve 694 779 652 | 563 637 525 | 557 748 464 | 60.5 721 54.7
APL 645 68.1 621 | 566 602 548 | 60.1 776 512|604 686 560
ConGCD 68.1 685 678 |59.7 613 592|591 79.0 498 | 623 69.6 58.9
SimGCD 6l.2 658 589 [543 35393 52.1 | 546 728 457 | 56.8 66.0 522
+CPF-GCD | 639 655 63.1 | 558 59.1 542 | 57.6 73.7 49.8 | 59.1 66.1 55.7
27 -03 42 |13 02 21 (30 09 41 |23 01 35
LegoGCD 619 719 569 (546 627 50.6 | 53.7 722 449 | 5677 689 50.8
+CPF-GCD | 66.0 735 62.0 | 563 623 532 | 59.7 73.6 53.0 | 60.7 69.8 56.1
41 16 51 | 1.7 04 26 | 60 14 81 | 40 09 53
CMS 657 758 60.7 | 508 621 45.1 | 51.3 735 40.6 | 559 705 4838
+ CPF-GCD | 66.8 748 629 | 515 604 470 | 579 782 480 | 587 71.1 526
11 -10 22 (07 -17 19 | 66 47 74 | 28 06 38
SelEx 75.6 773 747 | 61.1 687 573 | 555 77.6 448 | 64.1 745 589
+CPF-GCD | 798 805 794 | 618 69.0 58.1 | 589 79.0 492 | 66.8 762 62.2
42 32 47 | 0.7 03 08 | 34 14 44 | 27 17 33
Avg. A | 3.03 088 4.05 | 110 -050 185 | 475 210 6.00 | 295 083 3.98
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» Coarse-grained Datasets:

Method | CIFAR-10 CIFAR-100 ImageNet-100 Average
| Al Old New | Al Old New | All Old New | Al Old New
GCD 915 979 882 | 730 762 665 | 741 89.8 663 | 795 880 737
PIM 947 974 933 | 783 842 665 | 8.1 953 770 | 854 923 789
PromptCAL 979 966 985 | 812 842 753 | 831 927 783 | 874 912 84.0
DCCL 963 965 969 | 753 768 702 | 80.5 905 762 | 840 879 8l.1
ProtoGCD 973 953 982 (819 829 B0OO (840 92 799 (877 901 860
InfoSieve 948 97.7 934 | 783 822 705 | 80.5 938 738 | 845 912 792
APL 971 949 982 | 809 81.6 795|832 926 785 | 871 89.7 854
ConGCD 974 952 985 | 825 859 773 |89 934 825 |86 915 86.1
SimGCD 96.5 96.1 96.7 | 80.1 821 76.0 | 832 940 77.8 | 86.6 90.7 835
+CPF-GCD | 974 955 983 | 809 820 788 | 84.2 927 80.0 | 875 90.1 85.7
09 06 16 | 08 -01 28 | 10 -13 22 | 09 -06 22
LegoGCD 968 96.1 972 | 819 835 787 | 863 945 82.1 | 883 914 86.0
+CPF-GCD | 975 958 983 | 828 833 819 | 8.1 931 82.6 | 88.8 90.7 87.6
0.7 -0.3 1.1 0.9 -0.2 32 | 02 -14 0.5 0.5 -0.7 1.6
CMS 952 969 944 | 824 860 753 | 8.1 941 776 | 869 923 824
+CPF-GCD | 962 970 957 | 832 858 78.1 | 851 954 799 | 882 927 846
1.0 0.1 1.3 /08 -02 28 |20 13 23 |13 04 22
SelEx 955 971 946 | 821 851 762 | 833 944 777 | 87.0 922 828
+CPF-GCD | 96.8 97.7 963 | 820 844 773 | 855 947 808 | 831 923 8438
1.3 0.6 .7 | 01 -07 11 |22 03 31 |11 0.1 2.0
Avg. A | 098 -0.05 143 | 0.60 -030 248 | 125 -0.28 2.03 | 095 -020 2.00
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» Rank & Entropy Analy5|s » Hyperparameter Sensitivity
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» CPF identifies high-rank and entangled token geometry as a key bottleneck in
Generalized Category Discovery.

» By rewriting patch tokens through low-rank compositional primitive fields, CPF
produces compact and structured representations.

» As a plug-and-play module, CPF consistently improves known and novel
category discovery across diverse GCD baselines, with extensive experiments,
ablations, and visualizations verifying its effectiveness and generality.
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Thank You

More details are available in our paper and code.


https://openreview.net/forum?id=dyubtJ2dtZ

https://github.com/Michael-McQueen/CPF


